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Abstract 
In this paper the comparison of the surface roughness prediction models based on response surface methodology (RSM) and 
artificial neural networks (ANN) is described. The models were developed based on five-level design of experiments conducted 
on Aluminum alloy 6061 work material with spindle speed, interference, feed, and number of tool pass as the roller burnishing 
process parameters. The ANN predictive models of surface roughness was developed using a multilayer feed forward neural 
network and trained with the help of an error back propagation learning algorithm based on the generalized delta rule. 
Mathematical models of second order RSM and developed ANN models were compared for surface roughness. The comparison 
evidently indicates that the prediction capabilities of ANN models are far better as compared to the RSM models. The minutiae 
of experimentation, development of model, testing, and performance comparison are presented in the paper. 
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1. Introduction 
Surface treatment is to be considered most important aspect for growing industrial manufacturing processes. To 
confer various physical and mechanical properties it has been utilized, for example, appearance, consumption, 
grinding, wear and weariness resistance [1]. The execution of a machined part, for example, weariness quality, 
burden bearing limit, erosion, and so on depends to a vast degree at first glance as geography, hardness, nature of 
anxiety and strain impelled at the first glance area [2]. Roller Burnishing is one of the most important finishing 
processes which produce plastic deformation of surface in addition with compressive residual stresses and thereby it 
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helps in improvement of fatigue resistance [3, 4]. Material from the peak is cold flow into valley under the action of 
plastic deformation formed with the help of roller burnishing. Result of this process gives a mirror-like finish with a 
work hardened, tough and wears as well as corrosion resistant surface which is key objective of the proposed study 
[5]. 
In the past, the burnishing process system and its disturbing variables were studied by a number of researchers on 
various materials [6–10]. It is revealed from the investigations that process variable and cutting conditions, such as 
spindle speed, feed, interference and number of tool pass, have significant influences on surface roughness. Various 
studies conceded out on the burnishing of aluminium alloy with a roller burnishing tool [7, 8] focused on the effects 
of variable speed and feed on surface roughness. The studies on the burnishing of aluminium alloy emphasized the 
importance of process variable on the surface roughness [6] [9]. 
Aluminium alloy has low weight high strength property in addition with better corrosive resistance properties 
and, hence, finds a variety of applications in aircraft designs, manufacture of medical apparatus and in chemical 
industries. The formation of surface with good finishing in Aluminium alloy work materials during after machining 
process is a major problem due to high ductility of the work material. One of the most effective after machining 
process for achieving the objective is burnishing process. Hence, burnishing process with carbide roller was used for 
the experiments. 
Many researchers have investigated the suitability of different empirical models to predict surface roughness 
during burnishing. These include empirical burnishing charts, finite element models, and models based on response 
surface methodology [11] for analyzing the surface roughness. The methodology based on RSM was found to be 
convenient because a model can be generated with minimum process knowledge which leads to save time and cost 
of experimental work. Model developed using RSM are accurate only for a narrow range of input process 
parameters. Alternatively, the development of higher order RSM models requires a larger number of experiments to 
be performed. This is the limitation on the use of RSM models for highly non-linear processes, such as burnishing. 
These constraints have led to the model development based on artificial neural networks. 
An artificial neural network (ANN) is a learning system depending upon a computational procedure to simulate 
the neurological processing ability of the human brain [12]. Human intuition has been simulated by ANN in making 
decisions and drawing conclusions when presented with noisy, complex, irrelevant, and limited information. For the 
purpose of implementing ANN few prior assumptions are needed about the process under study. An ANN has the 
ability to approximate any reasonable function arbitrarily well. The capability of an ANN to study and simplify the 
performance of any complex and non-linear process makes it a powerful modeling tool [13, 14]. 
The present study aims at investigating the fitness of surface roughness predictive models based on RSM [15] and 
ANN during the burnishing of aluminum alloy 6061 work material using roller carbide burnishing tool. The models 
of surface roughness were developed with the spindle speed, feed, interference and number of tool pass as the 
burnishing process parameters. The input and output information needed to build up RSM and ANN models have 
been obtained through five level design of experiments. The generated models have been tested for their prediction 
accuracy with new process variable combinations. The comparison of the interaction and main effects of the process 
parameters by the RSM and ANN models have also been verified in the paper.  
2. Experimental details 
The input and output data required for the development of surface roughness models is obtained through 
burnishing experiments. Entire understanding of the process requires a large number of experiments to be 
conducted, which is very costly and time consuming. This can be overcome by adopting the experimental layout 
plan based on the design of experiments using different levels defined for each of the process variables. In the 
present study four parameters, namely, spindle speed, interference, feed and number of tool pass were identified 
based on the past investigation.  
To investigate the effect of process parameters on the performance of output parameter, the experiment was 
designed and conducted by considering surface roughness as a main response. Aluminum alloy 6061 round bar of 40 
mm diameter has been used for the present experiments with tungsten carbide single roller burnishing tool. The 
experiments were conducted on HMT lathe machine (ECONO CNC 26).In the following section the experimental 
results are discussed subsequently. The considered process parameters were varied up to five levels for each factor 
as summarized in Table 1. The upper level of a factor is coded as +2, center level as 0, and the lower level as −2 and 
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central composite rotatable design was adopted to plan the experiments. RSM was used to develop a second order 
regression equation to relate response characteristics with process variables [11]. 
Table 1. Process Parameters and their Levels 
Coded Factors 
Factors Levels 
 (-2) (-1) (0) (+1) (+2) 
A1 Spindle Speed  50 250 450 650 850 
A2 Interference  2 3.5 5 6.5 8 
A3 Feed  0.024 0.044 0.064 0.084 0.104 
A4 No. of Tool Passes 1 2 3 4 5 
3. RSM-based predictive model 
The experiments were designed and conducted by employing response surface methodology. Second-order non-
linear mathematical models have been developed to predict the surface roughness, which are of the following form 
[16, 17]. 
 
Y = b0 + b1x1+b2x2+b3x3+b4x4+b11x1
2+b22x2
2+b33x3
2+b44x4
2+b12x1x2+b13x1x3+b14x1x4+b23x2x3+b24x2x4+b34x3x4 
                      (1) 
Where: 
Y                    Response 
xi                   Coded values for i=A1, A2, A3 and A4 
b0,…, b34           Regression coefficients 
The regression equation for the surface roughness as a function of four input process variables was developed 
using the regression coefficients of the second order equation (Equation 2) are obtained by using the experimental 
data as shown in Table 3[15].The coefficients (insignificant identified from ANOVA) of some terms of the 
quadratic equation have been omitted. The analysis of variance (ANOVA) [16] was performed to statistically 
analyze the results. 
 
Surface Roughness = 0.110840 + 0.006024A1 - 0.070690A2 + 0.026662A3 -0.019587A4 + 0.015689A1
2 + 
0.035242A2
2 + 0.010256A4
2 - 0.006538A1A2 + 0.012052A1A3 - 0.026860A2A3 + 0.021932A2A4 - 0.019263A3A4 
                                                                                                                                                           (2) 
 
 
Fig 1. Predicted vs. Actual for Surface Roughness 
From the Table 2. It is evaluated that the coefficient of multiple determination is very close to unity (R2 = 0.9946) 
and the adjusted coefficient is R2 adj = 0.9899. All these statistical estimators indicate an appropriate RSM model 
with the degree of freedom and optimal architecture that can be used for predictive simulations of reactive extraction 
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process [18]. ANOVA results as shown in Table 3. gives F-value of 212.07 and P-value of 0.001 outlining a 
significant RSM model. The agreement between experimental and predicted data given by RSM is shown in the 
Figure 1. All points are located close to a straight line indicating that RSM predicts well the experimental data for 
the considered valid region [19]. 
Table 2. Estimated Regression Coefficients for Surface Roughness 
Term Coef SE Coef T P-value 
CONSTANT 0.110840 0.006493 17.071 0.001 
A1 0.006024 0.002859 2.107 0.049 
A2 -0.070690 0.002943 -24.020 0.000 
A3 0.026662 0.002823 9.445 0.000 
A4 -0.019587 0.003112 -6.294 0.000 
A1*A1 0.015689 0.00686 2.287 0.036 
A2*A2 0.035242 0.004045 8.712 0.000 
A3*A3 0.002324 0.007214 0.322 0.752 
A4*A4 0.010256 0.004597 2.231 0.040 
A1*A2 -0.006538 0.001567 -4.173 0.001 
A1*A3 0.012052 0.001454 8.291 0.000 
A1*A4 -0.002549 0.001589 -1.604 0.128 
A2*A3 -0.026860 0.001515 -17.733 0.000 
A2*A4 0.021932 0.001543 14.215 0.000 
A3*A4 -0.019263 0.001589 -12.123 0.000 
R-Sq = 99.46%                  R-Sq(pred)= 95.01%                   
R-Sq(adj)= 98.99% 
Table 3. Analysis of Variance for Surface Roughness 
Source Degrees of freedom (DF) Sum of square (SS) Mean square F-value 
Model 14 1.45082 0.103630 212.07 
Linear 4 0.53823 0.101113 206.92 
Square 4 0.50600 0.096197 196.86 
Interaction 6 0.40659 0.067765 138.68 
Residual Error 16 0.00782 0.000489  
Lack-of-Fit 9 0.00647 0.000719 3.74 
Pure Error 7 0.00135 0.000192  
Total 30 1.45864   
 
The Model F-value of 212.07 implies the model is significant. There's no chance that a "Model F-Value" of this 
much magnitude could occur due to noise. 
4. ANN modeling 
Normally, an ANN is made up of some neurons connected together via links. The information is processed within 
the neurons and is propagated to other neurons through synaptic weights of the links connecting the neurons [20]. 
Literature review shows that ANN models have better prediction capability than the regression models. So ANN 
models are also created for surface roughness prediction. This section describes pre processes, model design, 
training, model simulation and post processes in the generation of ANN prediction models. 
All 31 experimental data sets are divided for training, validation and testing. There are 23 data sets are used for 
training, 4 data sets for validation and 4 data sets for testing. It is clear that more data sets in training reduces 
processing time in ANN learning and improves the generalization capability of models[21], so large number of data 
sets are used to train the models. Attempts have been made to study the network performance with a different 
number of hidden neurons. A network is constructed each of them is trained separately, and the best network is 
selected based on the accuracy of the predictions in the testing phase. 
A feed-forward neural network with back propagation with three layers is used. The first layer, which is the input 
layer, is triggered using the sigmoid activation function whereas the second layer is hidden layer and third layer is 
the output layer which is triggered using the linear activation function. A network of two transfer function, where 
the first transfer function is tansig and the second transfer function is purelin, can be trained to approximate any 
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function[22].  
5. Comparison of the RSM and ANN models 
The surface roughness predictive models developed by RSM and ANN were compared on the basis of their 
prediction accuracy. Table 4 shows RSM and ANN prediction comparison for surface roughness. Therefore, in the 
case of data sets with a limited number of observations in which regression models fail to capture reliably, advanced 
soft computing approaches like ANN may be preferred. 
Table 4. Experimental Results 
Exp. 
No 
Experimental 
Surface 
Roughness 
(μm) 
RSM 
Predicted 
Surface 
Roughness 
(μm) 
Error 
RSM 
(μm) 
 
% Error 
RSM 
ANN 
Predicted 
Surface 
Roughness 
(μm) 
Error 
ANN 
(μm) 
% Error 
ANN 
1 0.122 0.110 0.011 9.1475 0.1175 0.0045 3.6887 
2 0.277 0.276 0.000 0.2361 0.2770 0.0000 -0.0006 
3 0.402 0.396 0.005 1.4771 0.4020 0.0000 0.0004 
4 0.15 0.165 -0.015 -10.4653 0.1500 0.0000 0.0000 
5 0.104 0.080 0.023 22.6865 0.1040 0.0000 0.0034 
6 0.774 0.775 -0.001 -0.1651 0.7740 0.0000 0.0001 
7 0.126 0.110 0.015 12.0317 0.1175 0.0085 6.7462 
8 0.100 0.112 -0.012 -12.6900 0.1000 0.0000 0.0031 
9 0.639 0.642 -0.003 -0.5529 0.6390 0.0000 -0.0004 
10 0.136 0.110 0.025 18.5000 0.1175 0.0185 13.603 
11 0.134 0.097 0.036 27.2463 0.1340 0.0000 0.0009 
12 0.096 0.120 -0.024 -25.5260 0.0960 0.0000 -0.0027 
13 0.992 0.948 0.043 4.4260 0.9920 0.0000 -0.0001 
14 0.099 0.110 -0.011 -11.9596 0.1175 -0.0185 -18.6867 
15 0.125 0.110 0.014 11.3280 0.1175 0.0075 6.0001 
16 0.227 0.222 0.004 1.8969 0.2270 0.0000 -0.0019 
17 0.379 0.376 0.003 0.7794 0.3790 0.0000 0.0008 
18 0.115 0.132 -0.017 -15.2635 0.1150 0.0000 -0.0019 
19 0.335 0.296 0.038 11.5337 0.3350 0.0000 -0.0010 
20 0.35 0.331 0.018 5.2520 0.3500 0.0000 -0.0005 
21 0.117 0.110 0.006 5.2650 0.1175 -0.0005 -0.4272 
22 0.214 0.205 0.009 4.1916 0.2140 0.0000 -0.0008 
23 0.312 0.340 - -8.9721 0.3120 0.0000 0.0006 
24 0.540 0.540 - -0.0344 0.5400 0.0000 -0.0002 
25 0.095 0.110 - -16.6737 0.1175 -0.0225 -23.6840 
26 0.120 0.110 0.0092 7.6333 0.1175 0.0025 2.0835 
27 0.115 0.101 0.0135 11.7313 0.1150 0.0000 0.0002 
28 0.158 0.164 - -4.1418 0.1580 0.0000 0.0024 
29 0.311 0.323 - -4.1524 0.3110 0.0000 0.0000 
30 0.107 0.083 0.0236 22.0841 0.1070 0.0000 0.0016 
31 0.450 0.456 - -1.3871 0.4500 0.0000 -0.0002 
 
Figure 2 shows a regression model of RSM and ANN. They show that ANN technique is more feasible in 
predicting the surface roughness than the RSM technique due to the requirement of large number of data needed to 
develop a sustainable regression model, while the neural network could recognize the associations with less 
information for dispersed and parallel computing natures. In other words, the ANN model could probably predict 
surface roughness with a better performance owing to their greater flexibility and capability to model nonlinear 
relationships.  
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Fig 2. Regression model of RSM and ANN 
6. Conclusion 
Present study established a comparative investigation of the modeling approaches by response surface 
methodology and artificial neural networks for surface roughness prediction in the burnishing of aluminum alloy 
6061 using carbide roller tool. A five level design of experiments was employed to create the input and output 
database needed for the development of the RSM and ANN based models. The performance of both the models was 
compared based on prediction accuracy of surface roughness. The subsequent conclusions are drawn from the 
current research work:  
x The performance of ANN models for predicting surface roughness was found to be better compared to 
RSM models in terms of the prediction accuracy both for the training and the testing data sets. The ANN 
has ability to capture a high degree of non-linearity between the surface roughness and the process 
parameters. 
x The analysis of direct and interaction effects shows that the ANN model exhibits highly non-linear 
roughness behavior as compared to the RSM model. 
x A good correlation between the predicted and experimental results resulting from the model was exhibited. 
Thus, using the proposed procedure, the optimal roller burnishing conditions should be obtained to control 
the surface responses of other materials. 
x From this, it can be inferred that the prediction models created for surface roughness can be applied for 
predicting manufacturing problems such as, dimensional accuracy, cutting forces and computational cost. 
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